Abstract: Life Cycle assessments (LCAs) on electric mobility are providing a plethora of diverging results. 44 articles, published from 2008 to 2018 have been investigated in this review, in order to find the extent and the reason behind this deviation. The first hurdle can be found in the goal definition, followed by the modelling choice, as both are generally incomplete and inconsistent. These gaps influence the choices made in the Life Cycle Inventory (LCI) stage, particularly in regards to the selection of the electricity mix. A statistical regression is made with results available in the literature. It emerges that, despite the wide-ranging scopes and the numerous variables present in the assessments, the electricity mix's carbon intensity can explain 70% of the variability of the results. This encourages a shared framework to drive practitioners in the execution of the assessment and policy makers in the interpretation of the results.
Introduction
Electric mobility is gaining momentum as a promising technology for decarbonisation of the transport sector and lots of scientific papers assessing environmental impacts of electric vehicles (EVs) are being produced. However, as the literature grows, so do the number of conflicting results.
A few reviews have tried to find a pattern in the Life Cycle Assessment (LCA) results: Hawkins et al. [1] identify the lack of a transparent and complete Life Cycle Inventory (LCI) as one of the main gaps in LCA. On the other hand, a more recent review by Nordelöf et al. [2] argues that the absence of a complete goal definition is the main hurdle to correctly interpret results and find trends in the literature.
Since the goal dictates the line for the subsequent scope and defines the applications of the study, omitting this phase leaves the study as a missive without address in the scientific community, and thus potentially ineffective.
Hawkins et al. [1] focused on the necessity to find consensus on the inventory. At the time of Hawkins' publication, it was found that most studies limited their attention to a well-to-wheel analysis-since the use phase was seen to dominate the life cycle of vehicles, or to the battery production. The author's purpose was then to investigate all those aspects that were not sufficiently addressed, providing the practitioner with a standardised system boundary and a set of relevant sub-components that could be distinguishable in the production phase. Simplified view of the well-to-wheels (WtW) and equipment flows [2] . (Reproduced with permission from [2] , Springer, 2014).
LCAs of energy intensive products (buildings, aluminium products, chemicals produced via electrolysis) have also been consulted, since they provide an interesting insight into the modelling of electricity production and the methodological choices.
National and intergovernmental reports and energy scenarios has been investigated for the data regarding the energy mix and their emissions, as well as documentations from the main databases used in the LCA studies (EcoInvent, GREET, eGRID, etc.).
Review Approach
After a selection process, the articles complying with the requirements have been reviewed and their consistency between goal, scope, modelling choices, selected inventory and recommendation provided to the audience has been investigated.
In order to find a trend between the goal and scope, the modelling choice and the electricity mix accounted, the articles have been analysed looking for the following information:
• Methodological characteristics: Goal, intended audience and applications (both explicit or inferred), and modelling choice (attributional versus consequential, whenever the study cohere to this distinction); • Descriptive characteristics of the assessed electricity mix: Regional boundaries, time horizon, calculation methods, technology involved (average versus marginal suppliers), and data source.
Literature Results

Goal and Scope
The lack of clear goals in the literature had originally been highlighted by Norderlöf et al. in 2014 [2] and no improvement has been noticed so far. Among the revised studies only 4 abided by all the requirements from ISO 14040 [8] [9] [10] [11] . According to ISO 14044 "In defining the goal of an LCA, the following items shall be unambiguously stated: The intended application; the reasons for carrying out the study; the intended audience, i.e., to whom the results of the study are intended to be communicated; whether the results are intended to be used in comparative assertions intended to be disclosed to the public". Most of the remaining studies presents detailed information about the objective of the study but omits application and intended audience. However, in many cases this Simplified view of the well-to-wheels (WtW) and equipment flows [2] . (Reproduced with permission from [2] , Springer, 2014).
Studies on energy production and LCA of energy systems have been referred to, in order to better understand the modelling choices used in EVs' LCAs. Many LCAs of EVs, which propose a new way to account for the electricity used to charge the vehicles, directly reflect the methodology described in studies on energy systems. LCAs of energy intensive products (buildings, aluminium products, chemicals produced via electrolysis) have also been consulted, since they provide an interesting insight into the modelling of electricity production and the methodological choices.
Review Approach
Literature Results
Goal and Scope
The lack of clear goals in the literature had originally been highlighted by Norderlöf et al. in 2014 [2] and no improvement has been noticed so far. Among the revised studies only 4 abided by all the requirements from ISO 14040 [8] [9] [10] [11] . According to ISO 14044 "In defining the goal of an LCA, the following items shall be unambiguously stated: The intended application; the reasons for carrying out the study; the intended audience, i.e., to whom the results of the study are intended to be communicated; whether the results are intended to be used in comparative assertions intended to be disclosed to the public". Most of the remaining studies presents detailed information about the objective of the study but omits application and intended audience. However, in many cases this information can be inferred a posteriori in the conclusion and discussion sections; to a different extent almost all the articles are found to inform policy or decision makers explicitly or implicitly (only the study by Garcia et al., 2017 [12] is presented as a pure eco-design study, thus implying first an optimisation chain application rather than decision making orientation). This is done through a wide range of scopes, ranging from WtW comparative analysis, complete LCA analysis, battery LCA, analysis of the infrastructure, comparison of different vehicle segments and technologies, analysis of a single vehicle or of an entire fleet (see Table 1 ).
The characterisation of the object of the study presents different levels of detail in the literature. Its description ranges from 'average passenger vehicle' [13] to more detailed vehicle segment (mid-size, compact, sport-utility, etc. . . . ), to identification of archetypes (Nissan Leaf as a paradigm of small size EV, Toyota Prius for HEV, etc.) to comparison within specific models with different powertrains: Piaggio Porter [14] , Iveco Daily [15] , Smart [16, 17] , GM Chevrolet Malibu [18] .
Passenger vehicles represent most of the analysed vehicles (41 out of 44) with only three exceptions:
1.
Giordano et al. [15] and Bartolozzi et al. [14] , evaluating light duty vehicles for goods delivery; 2.
Lee et al. [10] evaluating medium duty trucks.
Studies can be classified based on their scale, between:
1. Vehicle based LCA; 2.
Fleet based scenarios.
Vehicle based LCA evaluates the performance of a single vehicle technology, or compare it with another vehicle equipped with a different powertrain (generally electric versus conventional internal combustion engine vehicle [ICEV] , but also HEV versus Battery Electric Vehicle [BEV] , BEV versus Fuel Cell Electric Vehicle [FCEV] [14] etc.).
However, in more than one situation the result obtained from vehicle-based comparison has been extended to larger deployment consideration, multiplying the value obtained for a supposed penetration rate, thus implying a linear relation between the single vehicle purchase and nationwide policies. This implication is questionable and is not confirmed in LCA standards, which propose different approaches depending on the scale of the analysis, see Table 2 [19] . On the other hand, fleet-based analyses suggest that some scale and time dependent aspects cannot be detected from a single product analysis. Only two studies belong to this category [20, 21] . Garcia et al., 2015 [21] developed a dynamic fleet-based life cycle model, able to include the effects of technology turnover and other time related parameters, such as ICEVs fuel consumption reduction and electricity mix impacts, fleet penetration scenarios, fleet and distance travelled growth rates, and changes in vehicle weight and composition and battery technologies over time. Bohnes et al., 2017 [20] developed a fleet based LCA under different deployment scenarios in order to meet the urban transport demand of a specific city for a given time period. As a proof-of-concept they applied it to the Copenhagen urban area from 2016 to 2030. 
System Modelling and Inventory Choices
Since the International Workshop on Electricity Data for Life Cycle Inventories organised by the Environmental Protection Agency (EPA) and held in October 2001 at the Breidenbach Research Center in Cincinnati (Ohio) to discuss life cycle inventory data for electricity production, two system modelling approaches have been opposed in LCA [62] : Attributional (ALCA) and consequential (CLCA). ALCA methodology accounts for immediate physical flows (i.e., resources, material, energy, and emissions) involved across the life cycle of a product. ALCA typically utilises average data for each unit process within the life cycle. CLCA, on the other hand, aims to describe how physical flows can change as a consequence of an increase or decrease in demand for the product system under study. Unlike ALCA, CLCA includes unit processes inside and outside of the product's immediate system boundaries. It utilises economic data to measure physical flows of indirectly affected processes [63] .
Consequential System Modelling
According to Weidema, a consequential approach is a "[s]ystem modelling approach in which activities in a product system are linked so that activities are included in the product system to the extent that they are expected to change as a consequence of a change in demand for the functional unit" [64] .
A CLCA is basically concerned with identifying the cause and effect relationship between possible decisions and their environmental impacts. The cause and effect relationships are based on models of equilibrium between supply and demand, borrowed from neoclassical economics. In practice, this consist in the identification of the potential suppliers/technologies that will be affected by a change in demand (marginal suppliers/technologies).
Some studies manifested the need to include other mechanisms when assessing the consequences of a decision, such as rebound effect [63] , learning curves and the so called positive feedback or third order consequences [65] .
CLCA in Electric Mobility
In the electric mobility literature, the only field where marginal technology has been investigated is electricity generation. Despite the growing concern about resource scarcity of rare earths and precious metals involved in batteries and electric motors and the risk related to their supply [66, 67] , no study has attempted to asses it from a consequential point of view.
Consequential LCA should be more than the use of marginal mixes, as pointed out in the 62 • LCA conference [68] . However, in the LCA of EV, it emerges that the difference between ALCA and CLCA is often identified with the difference between average and marginal electricity mixes, and the terms are sometimes used as synonyms.
The goal should define the methodological choices, and from the methodological choice should stem the inventory. This chain is often inverted in the literature, where the goal is missing or is not strong enough to justify methodological choices, and the inventory selection defines the study. In several studies it is the selection of the marginal mix in the inventory what defines the work as a consequential LCA.
In the following section all the studies adopting marginal mixes will be presented, even if in the authors' opinion they do not comply with the requirement of a CLCA. This allows for a more inclusive literature analysis.
Marginal Mixes Selection
Among the selected articles, 17 use marginal mix when assessing EVs from a life cycle point of view. 12 are complete LCAs, 4 are WtW analysis, and the last one is a battery-LCA accounting also for the use phase (see Figure 2) . The interesting aspect is that among these, seven studies use marginal mixes along with average mixes. Some of these consider alternatively one mix or the other as a matter of sensitivity analysis [22] , others for testing results with the mix of higher GHG intensity [10] , others use different mixes for different time horizon, due to difficulties in determining the marginal mix in future energy systems [22, 37] .
This aspect is crucial in demonstrating the detachment of the inventory from the methodological choice, as our work previously stated after highlighting a diffuse weakness in the definition of goal and scope phases.
Since the use of marginal mixes is no longer linked to the system modelling choice as it was expected, the reasons to adopt marginal mixes have been investigated. Among the literature, these reasons are:
• It is a way of testing the robustness of results [22] The last point, made explicit by few studies, is actually the implicit assumption made by every study that uses a marginal mix when assessing EVs. Some studies state that using the marginal mix is more appropriate, but their explanations barely offer any insight as to why. Some of them read as follows:
"…small changes in the composition of the vehicle stock, replacing an ICE with an EV will represent an increase on the margin of electricity generation…" [22] "Marginal grid GHG intensity gives a more realistic measure of the GHG impact of the growth of electric vehicles than does average grid GHG intensity." [32, 70] "…assessing a technology that entails a change in electricity consumption require MEF…" [28] "It better represents the effects of the of EV adoption in the near future…" [22] "It is useful for short term forecasts of electricity demand…" [25] The widespread lack of specification and justification of the modelling choices made in published LCA studies has been already pointed out by Weidema et al. [71] and it is confirmed by our selection of articles. Only two studies actively describe their choice in the framework of the CLCA methodology, either adopting it [20] , or refusing it [9] .
The study by Bohnes et al. [20] explains the reason for assessing a consequential LCA. It estimates the impacts of transitioning to an electric fleet in the Copenhagen urban area from 2016 to 2030. The decision context is ascribed to the macro level decision support or case B according to the ILCD handbook (see Table 2 ) and the consequential approach is chosen [19] . Therefore the The interesting aspect is that among these, seven studies use marginal mixes along with average mixes. Some of these consider alternatively one mix or the other as a matter of sensitivity analysis [22] , others for testing results with the mix of higher GHG intensity [10] , others use different mixes for different time horizon, due to difficulties in determining the marginal mix in future energy systems [22, 37] .
• It is a way of testing the robustness of results [22] The last point, made explicit by few studies, is actually the implicit assumption made by every study that uses a marginal mix when assessing EVs.
Some studies state that using the marginal mix is more appropriate, but their explanations barely offer any insight as to why. Some of them read as follows:
" . . . small changes in the composition of the vehicle stock, replacing an ICE with an EV will represent an increase on the margin of electricity generation . . . " [22] "Marginal grid GHG intensity gives a more realistic measure of the GHG impact of the growth of electric vehicles than does average grid GHG intensity." [32, 70] " . . . assessing a technology that entails a change in electricity consumption require MEF . . . " [28] "It better represents the effects of the of EV adoption in the near future . . . " [22] "It is useful for short term forecasts of electricity demand . . . " [25] The widespread lack of specification and justification of the modelling choices made in published LCA studies has been already pointed out by Weidema et al. [71] and it is confirmed by our selection of articles. Only two studies actively describe their choice in the framework of the CLCA methodology, either adopting it [20] , or refusing it [9] .
The study by Bohnes et al. [20] explains the reason for assessing a consequential LCA. It estimates the impacts of transitioning to an electric fleet in the Copenhagen urban area from 2016 to 2030. The decision context is ascribed to the macro level decision support or case B according to the ILCD handbook (see Table 2 ) and the consequential approach is chosen [19] . Therefore the consequential EcoInvent dataset is selected and the "medium-term" marginal mix for Denmark is used. This is derived from EcoInvent database 3.1, and adapted with projections from Danish government [72] and goals set by the European Union [73] . Table 2 . Combination of two main aspects of the decision-context: Decision orientation and kind of consequences in background system or other systems [19] . (Reproduced with permission from [19] On the other hand, Girardi et al. [9] do not define their study as a CLCA, since their system boundary does not include "processes to the extent of their expected change caused by a demand (affected processes) and do not solve multifunctionality through system expansion". Instead, they adopt the approach by Zamagni et al. [74] . According to the authors, CLCA is not strictly a methodology but an approach to "deepen LCA" taking into account market mechanisms, rather than a modelling principle with defined rules.
Time Horizon
When assessing the changes due to the additional demand of the selected functional unit, the definition of the temporal boundary is a key issue. The literature distinguishes between short term and long term effects of a change [75] . This simplification, derived from economy, defines short term effects as the ones affecting the existing production capacity, while in the long term production capacity is allowed to adapt to the changes in demand, and a second simplification set "the utilization[sic] of this capacity to be constant".
Even though CLCA practitioners agree in defining the long term changes as the relevant ones [76] , most of the studies on EVs focus on short term changes (see Table 1 ).
When referring to electricity generation, the difference between short term and long term is usually identified with operation versus new installed capacity; "[l]ong-term marginal supply is sometimes also referred to as the 'build-marginal', i.e., the technology of the capacity to be installed next" [77] . Soimakallio refers to them as "operational margin" and "build margin" respectively [78] . Short term will affect only existing production capacity whereas, in the longer term, it will require the installation of new capacity, which reflects the most common and persistent effect [79] .
The concept of 'marginal' has different meaning in LCA and in energy systems modelling, leading to some confusion in the literature, especially when it comes to long term consequences. The long term marginal can be referred to as the marginal power plant running in a projected energy system in the future when an additional unit is required to the system, or as the new capacity installed from the time being to the year of interest (usually at least five years after the decision to install new capacity [77] ), due to investment in new power plants pushed by the increased electricity demand.
As mentioned before, a second simplification implies "the utilization[sic] of the new capacity to be constant" [75] .
In the field of energy systems, this means that the dynamics in the operation of the marginal capacities are ignored, so the marginal supply will be fully produced at such capacity.
According to Lund et al. [80] , this marginal change in capacity does not reflect the change in marginal electricity supply. He suggests to simulate the new installed capacity integrated in the pre-existing system via ESA simulation, in order to obtain the latter.
This paved the way to many LCAs simulating how EVs charged on the margin will behave in a projected energy system. However, as explained by Schmidt et al. [81] , sticking to the main definition of long term consequences, this represents a short term marginal (albeit of a future energy system), since the additional demand is met by the existing capacity, even though it is a projected capacity.
Adhering to the definition proposed by Weidema, this study distinguished the studies assessing short term marginal (both in present energy systems and in projected energy systems) from those appraising long term marginal (see Table 1 ).
Despise the suggestion to consider long term consequences, only three studies address long term marginal mixes. The study by Stephan and Sullivan [39] endorses this allocation method ante litteram. It states that "if the utilities add more base capacity (beyond that projected by the U.S. Energy Information Administration [EIA]) as a result of the growth of PHEVs, then the correct CO 2 emission allocation should be based on that new base capacity". Assuming that the extra capacity has the same repartition as the EIA projection, the authors find the impacts of PHEV to be 157 g CO 2 /km.
A clear application of the Weidema's heuristic approach (see Figure 3 ) to define the long term marginal technology has been found in Alvarez-Gaitan et al. [60] , whose study is worth mentioning, even if not related to EVs. Alvarez-Gaitan et al. [60] set the analysis of chlor-alkali chemicals at 2030. Following the guidelines from Weidema et al. [79] , the analysis focuses on the effects on the long term. The emphasis is on the long term marginal supply of electricity because of its relevance in the production of the chlor-alkali. Other inputs are considered less relevant, so the marginal suppliers are assumed to remain unchanged. The new installed capacity, assumed to be installed as a consequence of the increased demand, is identified using the 'five-step Weidema approach' [82] (see Figure 3 ). In the long term all the generation technologies are supposed to be unconstrained (with the exception of political and resource restriction). The new installed capacity is then found to be supercritical pulverised black coal and wind on shore and solar photovoltaic, based on levelised cost of energy (LCOE) projections by the Australian Government. Afterwards, they compare these technologies, defined as the simple marginal, echoing Mathiesen [83] , with the one identified with a partial equilibrium model (complex marginal technology).
All the other studies were found to assess what in the authors' opinion is a short term marginal consequence, regardless of whether it is run in present or future energy systems.
Short Term Marginal Mix-Calculation Method
Even when the methodological choice and the time horizon are set, defining the marginal mix is not straightforward. The results can differ due to the various calculation methods available to define the emissions, to the method selected to identify the eligible marginal technologies, to temporal granularity, geographical boundaries etc. In the following section, a brief description of all the methods available in the literature is reported.
Some studies already tried to develop a framework for different allocation methods, to be populated with the studies available in the literature. The first one, to the authors' best knowledge, was published by Yang in 2013 [84] . Yang identifies three key parameters in the classification of the methods for assigning greenhouse gas emissions from electricity generation (beside the choice of average and marginal):
Temporal resolution or granularity (aggregate versus temporally explicit); 2.
Time frame (retrospective versus prospective); At the simplest extreme of this classification are aggregate methods, which use data of the total energy production from one year to define the emission from the grid (both average and marginal, but mainly average). These studies rely on robustness and simplicity, and need few data available from many reliable sources (national databases, Transmission System Operators [TSO], Distribution System Operators [DSO]). They can be both retrospective and prospective, but of course the prospective version has higher uncertainties and arbitrariness, since the definition of future scenarios is always uncertain and subject to estimation errors.
On the other side, temporally explicit studies capture coincidence between variations in supply and demand. They need more data than aggregate methods and usually require models to simulate the operation of the power system. This approach is accompanied mainly, but not exclusively, by prospective and marginal approaches. The author identifies the division between "short run approach" and "system response approach" as another distinction in the temporal definition in these cases. The former accounting only for operational changes, where the existing grid is responding to a change in demand, the latter including also structural changes that could occur as a result of the addition of EV charging, such as changes in grid composition.
The problem of identifying the correct emission factor is common to many studies, that do not necessarily refer to EVs as product system. Some studies analyse it from an energetic point of view At the simplest extreme of this classification are aggregate methods, which use data of the total energy production from one year to define the emission from the grid (both average and marginal, but mainly average). These studies rely on robustness and simplicity, and need few data available from many reliable sources (national databases, Transmission System Operators [TSO], Distribution System Operators [DSO]). They can be both retrospective and prospective, but of course the prospective version has higher uncertainties and arbitrariness, since the definition of future scenarios is always uncertain and subject to estimation errors.
The problem of identifying the correct emission factor is common to many studies, that do not necessarily refer to EVs as product system. Some studies analyse it from an energetic point of view [80, 83, 85] , while others are interested in the topic because the energy use is a relevant part in their product system-such as, the building sector [59] , chemicals produced via chlor-alkali electrolysis [60] , and aluminium production [61] . Another famous review is the one by Ryan et al. [85] . The review by Ryan is not directly addressed to EV charging, but instead wants to orientate the evaluation for every type of electrical load, even though a special mention is set aside for EV fields as the worst case of inconsistency in methods' selection.
The methods found in the literature are divided into "empirical data and relationship models"-either simple average emission factors multiplied by the load of interest or statistical correlation between demand and emissions, but all relying on historical data-and "power system optimisation models". The latter are used for evaluating projected electricity generation operations bounds by physical laws of power generation and economic optimisation.
Ryan's main operational distinction [85] is based on time perspective. On one side, there are empirical and relationship models, which rely on historical data to define emissions of past loads, or small changes of future loads While on the other side, power system optimisation models allow for evaluation of projected electricity generation, which is constrained by physical laws of power generation and economic optimisation.
Ryan [85] states that a correct method on the whole does not exist. It is rather a matter of defining the correct method for the objective of the study on a case by case basis. The match is defined in terms of load characteristic; and the selection of time granularity is function of load and energy system. Yearly average emission factors can apply to industries operating at constant load, while hourly emission factors suit best to loads with strong diurnal variations, or to energy system with a consistent share of wind and hydro, which can cause variability in the supply. Empirical data and relationship models (relying on historical data) are applicable only on loads consistent with recent historical perspective, while power system optimisation models fit when analysing policies, processes, or products with a multiyear forward-looking view. The adoption of average emission factors in the case of EVs could be justified by the low rate penetration of EVs, while the use of marginal could be explained by the high variation in load [85] .
In the end it turns out to be again a matter of equity, wondering whether it is fair or not to separate future and current consumption, since existing consumption dictates the emissions from new consumption. This consideration is defended by the incremental approach proposed by Messagie et al. [36] , and endorsed by Soimakallio et al. [78] .
Tamayao et al. [46] , comparing the effect of different methods on carbon footprint of PHEVs, BEVs and HEVs, distinguish the methods to calculate marginal emission factors into: (1) Bottom up, and (2) top down methods. The distinction is close to the classification made by Ryan et al. [85] between "empirical data and relationship models" and "power system optimization[sic] models" presented in this chapter. In fact, in the category "bottom up approach" Tamayao et al. include all the models that defines how a system will respond to a load profile due to normative, operational and economic constraints; within "top down approach" they includes regression models relying on observed data.
Entering the details of each model is behind the scope of this study. Characteristics and suggested applications of these two methods have been collected and the relevance of each statement has been assessed based on its statistical occurrence in the energy system literature. The application of these methods in the selected articles has been then discussed in the following chapters.
Top down approach
Top down approach applies regression models using observed data to assess how generation and/or emissions change as a function of changes in the load [46] . The relevant characteristics of regression models are:
• They require few data and calculation time compared to models [85] [43, 85] .
Despite their limitations, regression methods have been widely applied in the literature. Archsmith et al. [22] and Tamayao et al. [46] used it to identify the effect of different charging time and regional variability in Marginal Emission Factors (MEFs) in the U.S. regions. The results have been used to suggest a better cohesion between regional MEF and federal subsidies for EVs household purchase.
Garcia and Freire [28] use regression to assess the introduction of BEVs in Portuguese fleet from 2015 to 2017 (displacing ICEV). Fewer than 20,000 vehicles (causing an additional electric demand of 60 GWh in the most energy demanding scenario) are assumed to displace either new gasoline or new diesel cars in varying percentages according to the scenarios.
Girardi et al. [9] apply a probabilistic approach to determine the marginal technology for a 2013 scenario with "few EVs". Even though the marginal mix is still mainly based on fossil fuels, EVs are found to perform better than ICEV because of a 60% of efficient combined cycle gas turbine power plants on the margin.
Ma et al. [32] use a regression method which employs historical data from between 2009-2010 for the UK and an estimation for 2010 for California, to assess the expected EV market in 2015 and beyond. They obtain that BEV perform worse than ICEV in the UK market and worse than HEV in both the analysed markets.
The studies by Yuksel et al. [43] and Ambrose et al. [54] rely on regression results respectively from Siler-Evans et al. [44] and Archsmith et al. [22] . They do not specify the time horizon of their study, but they rely on regression data from 2011 and 2012 respectively.
Bottom up approach
As seen in the aforementioned reviews, there are plenty of system models, with various pro and cons; their level of complexity can range from simple dispatch curves to detailed simulation or optimisation models [46] . The common aspect is that they define how a system is bound to respond to a load profile, due to normative, operational or economic constraints (e.g., ramp rates, plant availability, emissions and transmission constraints, etc.).
In order to gain a better understanding of these methods' application for environmental assessments, this study tried to highlight common characteristics influencing the limitations and range of application of the electricity mix obtained, rather than provide details for each method, as this was beside the scope of this analysis.
Some relevant aspects of these methods for LCA application are the following:
• The results depend heavily on the input data and on assumptions made by the user [85] .
Girardi et al. [9] rely on a previous study by Lanati et al. [29] , which uses a model to determine the optimal long term evolution of the generation set, with and without EV demand. They obtained no significant changes in the two scenarios, because of the limited impact of EV demand, found to be less than 5% of the total 2030 end-use demand, with an EV penetration rate of 25%.
A second model has then been used to model the operation of the previously defined generation set, obtaining that all the electricity supplied to EVs will be produced using fossil fuels.
McCarthy and Yang [33] use a simple dispatch model to assess the introduction of EV fleet in 2010; if 1% of Vehicle Miles Travelled is driven with EVs, the increase demand of electricity would be 0.1-0.3%. Their model predicts that marginal mix used to charge EV will be mainly provided with relatively inefficient NGCT plants. Marginal electricity in California is more carbon-intensive than gasoline, but in most cases, the improved efficiency of electric-drive trains outweighs the difference in fuel carbon intensity, and the vehicles considered here reduce GHG emissions compared to HEVs.
Both Onat et al. [37] and Thomas [47] rely on the marginal mix, determined by Hadley and Tsvetkova [38] , for the introduction of PHEV in the 2020 energy system across all the states of the U.S., under a certain penetration rate and charging condition, and apply it to their own scenarios that include BEVs introduction in the transport system, under unspecified penetration rates.
Weis et al. [42] employ the UCED model, a model used to optimise the operation of energy systems. They use data from EPA's NEEDs database to model the 2010 US energy system, while for the future US scenario (2018) they include retirement of power plants predicted by the EPA and a 3% wind penetration. A third scenario includes the power plant retirements predicted by EPA, and 20% wind penetration.
Dallinger et al. [48] use an agent-based electricity market equilibrium model to estimate variable electricity prices and power plant utilisation in a 2030 German scenario.
Considerations
Despite three exceptions, all the marginal mixes identified in the literature are found to be short term marginal mixes, according to the definition by Weidema. The identification of marginal is usually detached from the penetration scenarios (in Table 1 can be seen that only a few studies using marginal mixes provide penetration scenarios); this tendency is confirmed by the use of MEF from other studies, which are applied to other circumstances (different technologies and different energy demand in the case of Thomas [47] and Onat et al. [37] using the results from the study by Hadley and Tsvetkova [38] ).
What is common to every study applying marginal mixes is the identification of the EVs as the marginal consumers, both in present and in future energy system. The result is that the effects of using present or future energy systems convey similar results, because technologies on the margin tend to remain the same also in projected scenarios. Therefore, EVs do not benefit from the general decarbonisation in the energy system that is happening at present and that will tend to continue in the future.
The identification of EVs as marginal consumers can be meaningful if a big amount of EVs are inserted in the transport system before the energy system can react to it. However, this is an unlikely scenario, due to the low penetration rate the transport sector is experiencing.
The use of short term marginal can address some specific questions on the increase of demand due to incentives to EVs and can provide answers on how to optimise their charging time; however, limiting the evaluation of EVs in the short run represents a burden shifting in time. Similarly, considering EVs as the short-run marginal consumers in projected scenarios is not coherent when the goal is to inform policy makers on the introduction of EVs in the transport system. As stated by Soimakallio et al. [78] , if 'new consumption' is adequately anticipated before it occurs, there is no unambiguous reason to assign short term marginal production to this particular consumption. Most future energy scenarios already include the supply required for electric vehicles in the projected electricity demand.
Attributional System Modelling
While there is no biunivocal link between marginal mixes and consequential studies, ALCA studies are more straightforward. All the attributional studies apply the average national mix, and they mainly model it as background processes using renowned databases (EcoInvet, GREET, eGRID . . . ). Other sources are Transmission System Operators (TSO), Distribution System Operators (DSO), national and regional statistics etc.
No author provides explanations for the modelling choice when performing ALCAs, probably because it is perceived as the norm in scientific literature, due to its overwhelming majority among LCA papers [86] .
The identification of the average mix is methodologically less equivocal, since it represents the total generation allocated evenly to the total load. However, various sources of variability can be listed:
• Data quality: Transparent and up-to-date electricity data are not the norm. Especially when relying on background databases, studies tend to overlook the data quality of the selected dataset.
•
Regional boundary: The region of production of electricity and that of consumption do not always coincide. Selecting the adequate regional boundary is a trade-off between representativeness and the problem of modelling cross boundary flows.
• Time: Generally temporal granularity in attributional LCA is one year. However also for average electricity mixes, there can be significant differences from one year to another. To overcome this obstacle, some studies average the emissions over a longer time span.
• Future scenarios' definition and stylised states adoption. (A 'stylised state' is denoted an extreme state (e.g. a state where all electricity and heat is produced from coal) that is unlikely to materialise but that could illustrate important technology differences in a clear way [87] ).
Data Quality
Data on electricity mix are provided from DSO and TSO, national and international agencies (EPA, German federal environmental agency, IEA) or are derived from databases. The former generally provide more updated data (usually from the previous year) than the latter; also, studies gathering data on electricity from energy operators are generally aware of the relevance of these data in the overall results.
When relying on data from databases, studies do not provide the emission intensity of the selected mix. Obtaining it a posteriori is either time demanding or impossible because database versions are not always made explicit [14] and the selected dataset is rarely expounded (an exception is the study by Helmers et al. [16] ).
Ignoring the database version and the dataset selected for the electricity mix, besides contravening the basic principle of reproducibility of LCA, makes it difficult to understand the results and the role played by electricity. Selecting one dataset or another can lead to relevant differences. In Figure 4 , the g CO 2 -eq/kWh are reported according to different datasets and versions of EcoInvent for the main countries analysed in the literature regarding EVs. This is to show how much datasets from the same database can differ. EcoInvent database has been selected for exemplification sake because of its widespread use in LCA of EVs. When relying on databases, studies overlook the quality of the data and their time period. Seven of the revised papers adopt EcoInvent as a background database; and among those, five rely on the version 2.2. Data on electricity supply mix from EcoInvent v.2.2 were updated to 2004, meaning that some papers published in 2017 still rely on electricity mix data from that year [16, 18] .
Geographical Boundary
Most of the studies use mixes which have been aggregated at national level or at regional and subcontinental level, trying to follow the electricity infrastructure and trade (PJM regions in the US, ENTSO-E in Europe, NORDEL in Scandinavia, etc.). The definition of the regional boundary has relevant influence on the final result: Tamayao et al. found the use of state boundaries versus NERC region boundaries leads to estimates that differ by as much as 120% for the same location (using average emission factors) [46] . Choosing the adequate regions for the accounting of electricity emissions is a trade-off between including spatial heterogeneity and modelling cross-boundary electricity flows. This is naturally linked to the problem of defining the consumption mix of a country, rather than using its production mix, as highlighted in [37] [88] .
Production and Supply
In EcoInvent, the supply is created as the sum of the production and the import, which is modelled as a percentage of the production of the importing country. However, this simplification can represent a problem in countries where the trades are a significant percentage of the domestic demand, such as Switzerland, where the traded electricity volume is about 85% of the domestic demand [89] .
Modelling electricity trades is complicated: A net importer could export part of the electricity, and since it is unknown which electrons have been produced by which plant, this generates a recursive problem.
Itten et al. [89] present a model to deal with this aspect: The electricity mix of the domestic supply is modelled according to the integration of the electricity declarations of all electric utilities in a country. The declaration includes a differentiation according to technology and whether or not the When relying on databases, studies overlook the quality of the data and their time period. Seven of the revised papers adopt EcoInvent as a background database; and among those, five rely on the version 2.2. Data on electricity supply mix from EcoInvent v.2.2 were updated to 2004, meaning that some papers published in 2017 still rely on electricity mix data from that year [16, 18] .
Geographical Boundary
Most of the studies use mixes which have been aggregated at national level or at regional and subcontinental level, trying to follow the electricity infrastructure and trade (PJM regions in the US, ENTSO-E in Europe, NORDEL in Scandinavia, etc.). The definition of the regional boundary has relevant influence on the final result: Tamayao et al. found the use of state boundaries versus NERC region boundaries leads to estimates that differ by as much as 120% for the same location (using average emission factors) [46] . Choosing the adequate regions for the accounting of electricity emissions is a trade-off between including spatial heterogeneity and modelling cross-boundary electricity flows. This is naturally linked to the problem of defining the consumption mix of a country, rather than using its production mix, as highlighted in [37, 88] .
Production and Supply
Itten et al. [89] present a model to deal with this aspect: The electricity mix of the domestic supply is modelled according to the integration of the electricity declarations of all electric utilities in a country. The declaration includes a differentiation according to technology and whether or not the electricity is produced domestically or is imported. It usually includes a share of "unknown" electricity, which in that study is represented by the ENTSO-E electricity mix.
Temporal Boundary
Attributional studies rarely present the time horizon of their analysis (see Figure 5 ). The lack of time horizon in the scope definition has been already highlighted in Nordelöf et al. [2] . It makes it difficult to determine the temporal validity of both results and conclusions and, as far as electricity generation is concerned, also to determine whether the dataset used is suitable to the goal and scope. electricity is produced domestically or is imported. It usually includes a share of "unknown" electricity, which in that study is represented by the ENTSO-E electricity mix.
Attributional studies rarely present the time horizon of their analysis (see Figure 5 ). The lack of time horizon in the scope definition has been already highlighted in Nordelöf et al. [2] . It makes it difficult to determine the temporal validity of both results and conclusions and, as far as electricity generation is concerned, also to determine whether the dataset used is suitable to the goal and scope. Figure 5 . Number of analyses sorted by time horizon. Some studies do not make explicit the time horizon of their study. In this case the year of the electricity dataset used in the analysis has been considered, if available; otherwise they are accounted in the first column. Note that each study can have more than one time-horizon in its analysis.
A relevant exception is represented by the article by Bauer et al. [23] . In their parametric study on environmental performance of current and future mid-size passenger vehicles, every input varies with time. Vehicle mass, aerodynamic drag, tire rolling, performances of powertrain components are expected to change due to increasing know how and to compelling emission standards. However, despite the clear time scope (2012 for current fleet), the electricity mix used-from EcoInvent 2.2-is still based on data from 2004.
Despite the temporal granularity discussed in the paragraph "Short Term Marginal MixCalculation Method" (in Section 3.2.1), even temporal aggregated data can present some inconvenient. The composition of the country mix can differ a lot from one year to another, especially when a relevant share of the country generation capacity relies on renewable energy sources (RES).
Freire and Marques [27] detailed how GHG intensity of Portuguese mix reduced from 560 to 390 g CO2-eq/kWh from 2009 to 2010, due to unusual meteorological condition in 2010: 1374 mm of rain compared to 950 mm of the previous year [90] .
Roux et al. [59] reported that GHG of French mix varied from one year to another, due to economic and meteorological hazards, thus suggesting the need to define a reference year to mitigate these variations and to convey more representative average impacts. They also highlight that using EcoInvent v3.1 data for low voltage supply mix in order to evaluate the impact of the average mix for year 2014 leads to an overestimation of the carbon footprint by 25%. Figure 5 . Number of analyses sorted by time horizon. Some studies do not make explicit the time horizon of their study. In this case the year of the electricity dataset used in the analysis has been considered, if available; otherwise they are accounted in the first column. Note that each study can have more than one time-horizon in its analysis.
Despite the temporal granularity discussed in the paragraph "Short Term Marginal Mix-Calculation Method" (in Section 3.2.1), even temporal aggregated data can present some inconvenient. The composition of the country mix can differ a lot from one year to another, especially when a relevant share of the country generation capacity relies on renewable energy sources (RES).
Freire and Marques [27] detailed how GHG intensity of Portuguese mix reduced from 560 to 390 g CO 2 -eq/kWh from 2009 to 2010, due to unusual meteorological condition in 2010: 1374 mm of rain compared to 950 mm of the previous year [90] .
Roux et al. [59] reported that GHG of French mix varied from one year to another, due to economic and meteorological hazards, thus suggesting the need to define a reference year to mitigate these variations and to convey more representative average impacts. They also highlight that using EcoInvent v3.1 data for low voltage supply mix in order to evaluate the impact of the average mix for year 2014 leads to an overestimation of the carbon footprint by 25%.
Considering that the EVs represent an emerging technology, it is quite exemplar that no ALCA studies analyse future energy scenarios, while they are rather linked to a blurred present (not defined in the time scope) and rely on outdated data. Tagliaferri et al. [45] consider also a future electricity mix set in 2050 but the results for this time horizon are not made explicit, along with the mix composition.
It is instead common the use of scenarios where the electricity is assumed to be supplied entirely from a single technology, or a bunch of homogeneous technologies (e.g., all RES, all fossil fuels) also known as stylised states according to the definition by [87] . These technologies are generally at the extremes of the polluting bar, in a sort of stress test of the potential benefits (or disadvantages) of implementing such a technology. Sixteen among the review papers investigate how EVs perform when charged on a specific technology or when are charged solely by certified RES energy (see Figure 6 and Table 3 ).
Considering that the
It is instead common the use of scenarios where the electricity is assumed to be supplied entirely from a single technology, or a bunch of homogeneous technologies (e.g., all RES, all fossil fuels) also known as stylised states according to the definition by [87] . These technologies are generally at the extremes of the polluting bar, in a sort of stress test of the potential benefits (or disadvantages) of implementing such a technology. Sixteen among the review papers investigate how EVs perform when charged on a specific technology or when are charged solely by certified RES energy (see Figure  6 and Table 3 ). However, even for a single fuel, a huge variability in GHG emission is noticed, due to technology differences (CC plants, CHP plants, etc.). Soimakallio et al. [78] present how the impact of a single technology varies along with the allocation method when energy production has to solve problem of multifunctionality. For the same coal fired CHP plant, the results obtained vary from 400 g CO2-eq/kWh if an allocation on the base of energy content is applied to the two outputs (heat and electricity), to 1200 g CO2-eq/kWh if all the emission are allocated on the production of electricity. However, even for a single fuel, a huge variability in GHG emission is noticed, due to technology differences (CC plants, CHP plants, etc.). Soimakallio et al. [78] present how the impact of a single technology varies along with the allocation method when energy production has to solve problem of multifunctionality. For the same coal fired CHP plant, the results obtained vary from 400 g CO 2 -eq/kWh if an allocation on the base of energy content is applied to the two outputs (heat and electricity), to 1200 g CO 2 -eq/kWh if all the emission are allocated on the production of electricity.
Data Quality
Data quality depends on the type of source providing the country's generation data and its elaboration (in case of marginal mixes). Articles rely on several sources. In this article these sources have been grouped into fewer categories on the basis of common characteristics of the data provided ((1) LCA databases; (2) Grid databases; (3) the existing literature; and (4) electricity mix forecasts). The links between the articles reviewed and the source of the electricity mix are presented in Figure 7 Studies which employ more than one database (to cover different time horizons, different areas or different modelling approaches, etc.) are split and linked to both.
LCA Databases
LCA databases allow for transparent and replicable results. They have accessible and verifiable data and simplify calculations, since most of their datasets are supplemented with characterisation methods. They also include impacts form upstream processes, contrary to other sources which only provide combustion emissions.
The most used database is EcoInvent, with 8 studies relying on it for the selection of the electricity mix. Other studies depend on this database for other data, but only those using the EcoInvent mixes are represented in Figure 7 . Bohnes et al. [20] and Giordano et al. [15] source the generation datasets from EcoInvent, but their mixes are updated with data from IEA and Entso-E, respectively.
EcoInvent is a non-profit association founded by institutes of the ETH Domain and the Swiss Federal Offices, whose data are updated every time a new version is released. Except from one study, whose version is not specified, all the articles published so far rely on EcoInvent version 2.2.
Electricity country mix from this version dates to 2004, for all the countries considered in the literature. It is noteworthy that studies published in 2017 still rely on data from 2004.
Gabi Database is created by Thinkstep and updated every year [91] . In the literature, two studies employ this database: Deng et al. [55] do not specify the version, and Tagliaferri et al. [45] use the version from 2015 to assess Italian electricity mix.
GREET is a life cycle assessment model, initially born as an Excel datasheet, now available also in the more appealing graphic user interface GREET.NET. It consists of two sub-models, the GREET fuel cycle model and GREET vehicle cycle. For the electricity generation it offers complete life cycle inventory of different production pathways. It has been widely used in the literature, especially for the evaluation of upstream emission of fossil-fuel generated energy [46, 47] .
Grid Databases
National grid databases offer updated information on electricity generation. However, they are not intended primarily for LCA applications. They generally provide up-to-date and detailed information on electricity generation throughout the region they cover and updated and transparent stack emissions. Furthermore, depending on the dataset, they can provide also aggregated indicators (CO 2 -eq, etc.), but they do not provide upstream information about the electricity produced.
Articles that rely on this kind of database, thus, either integrate the analysis with other databases providing upstream emissions for each generation technology (e.g., Tamayao et al. [46] rely on eGRID data (see later on) and integrate them with GREET model [92] ), or neglect upstream emissions, focusing only on combustion emissions.
eGRID is the most used database by articles assessing EVs introduction in the American grid. For every power plant in the United States, eGRID supplies detailed emissions profiles and Generation resource mix.
It also provides updated average generation emissions [35, 37, 46 ], but due to its level of detail on power plants information it is the source for studies that require input for their model to detect the marginal technologies affected by BEVs introduction [33, 34] .
EPA's Continuous Emissions Monitoring Systems (CEMS) dataset provides hourly gross generation load, consumed fuel, and CO 2 emissions from direct combustion for all grid-connected electricity generating units with a capacity of 50 MWh or more in the continental United States from 1997 through the present. For this reason, it has been widely used by American studies applying regression models to identify the short term marginal mixes.
Other studies look at national TSO and DSO in order to gather the most updated data available on national electricity mix (Giordano et al., 2017 [15] use data from Entso-e for European countries, Messagie from ELIA for Belgium [41] , Freire and Marques from REN for Portugal [27] , etc.) or to obtain non aggregated data (usually 1 h time resolution) to elaborate linear regression in order to determine marginal emission factors [9, 25, 28] .
Faria et al. [51] draw the EU electricity mix for 2009 from European Environment Agency (EEA) and the upstream emissions are filled from the literature [93] [94] [95] [96] 3.3.3. Literature Sources Some studies rely on electricity mixes published in other works, particularly for the marginal mixes, due to the difficulties encountered in determining them and to the large amount of data required. Aside from the use of not updated data due to articles publication time, the issue of scalability of the results from one application to another is questioned.
Onat et al. [37] and Thomas [47] consider the mix determined by Hadley and Tsvetkova [38] for the introduction of PHEV in the 2020 energy system, under certain penetration rates and charging conditions, and apply it to their own scenarios that include BEVs introduction in the transport system, under unspecified penetration rates.
Forecasts
Studies investigating future scenarios are subject to higher uncertainties linked to future generation mixes as well as future plant/technology emissions and efficiency. Energy generation forecast from Energy Information Administration [97] , and International Energy Agency [98] has been used in the literature.
Some databases are available to characterise power plants in future scenarios. One of these is the NEEDS Life Cycle Inventory Database, developed by the homonym EU project [99] .
It is difficult to obtain the value of the energy emission intensity of the mix used in the studies. Even when studies focus on the role of electricity production for charging the vehicle, it is not always clear whether this represents the stack emission or also includes upstream emissions. As a rule of thumb, studies relying on grid databases only consider stack emission unless otherwise explicitly specified. 
Results
Quantitative Results
Current quantitative results have a wider variability than older ones: Frischknecht and Flury were the first to pinpoint this aspect; they found that the results of the impact of electric vehicles-expressed in the most common indicator g CO 2 -eq/km-ranged from 95 to 240 g CO 2 -eq/km [100] .
In the present review results are even more spread. By excluding results obtained from stylised states, whose role is exactly to denote an extreme state rather than a situation that is likely to happen, the aforementioned indicator spans from 27.5 g CO 2 -eq/km, obtained by Van Mierlo et al. [40] presenting the WtW results of an EV in the Belgium environment (data from 2011), to 326 g CO 2 -eq/km, obtained by Ma et al. [32] when assessing EV introduction in the UK market in 2015, using short term marginal electricity mix (see Figure 8) .
In Figure 8 , the GHG of electric vehicles found in the literature are listed. Since results in the literature are expressed according to different functional units, in this review they have been transformed in the most common functional unit (g CO 2 -eq/kWh) when enough information allows for the conversion. If more than a single value is provided, bars represent the average value, while the error bars delimit the upper and lower value (see Figure S1 for the value with the associated electricity mix carbon intensity). For the numeric values see Table 1 .
The reason behind this spread is due to wider scopes and more detailed LCI and does not necessarily entail weaker studies. However, such is the variety of study types and scopes that the use of a framework and a rigid application of the ISO guidelines should be applied more than ever. A tentative framework for the main applications found in literature can be find in Table S2 .
Influence of Electricity Mixes in the Results
Within this plethora of results, the focus of this literature review was to understand the role of a specific data, the electricity mix, because its influence has been highlighted by many authors [101] but never quantified. Among studies that present a level of detail fair enough to obtain homogeneous results (expressed in the most diffuse functional unit CO 2 -eq/km) and CO 2 -eq emissions for kWh, correlation has been investigated. These articles are represented in Figure S2 along with the aforementioned values. Some studies present results for more than one time-horizon and for more than one country, others present results according to different stylised states. Thus, in Figure S2 studies are labelled with their peculiarity: Country mix, time-horizon (or the year of the data of the electricity mix) or stylised state, depending whether the information was available.
In Figure 9 a linear regression between g CO 2 -eq/km and g CO 2 -eq/kWh shows the correlation between the selection of the electricity mix and final result. The pool includes all the data available in the literature, and no normalisation has been applied to them. This means that in the graph are reported values from WtW analysis, and complete life cycle assessments, with different system boundaries and modelling approaches, with different vehicle lifetimes and energy consumptions per km (PHEV results have been excluded from the regression, since their use phase relies also on other fuels in addition to electricity).
The purpose of this data collection is not to fully harmonise the studies and create comparable results, but rather aims at showing how influential the electricity mix selection is, despite the extent of the scopes available in the literature. Appl Figure 8 . Literature results normalised at the most common indicator "g CO2-eq/km" (blue bars). If a study presents more than one value, the average value has been reported (blue bar) with the associated range. Literature results normalised at the most common indicator "g CO 2 -eq/km" (blue bars). If a study presents more than one value, the average value has been reported (blue bar) with the associated range. The coefficient of determination R 2 is 0.57. Considering the vast number of variables taking place in the LCAs and the heterogeneity of the scopes, it is noticeable that the carbon intensity of the electricity mix alone can explain almost the 60% of the variability of the results available in the literature.
In Figure 10 the regression has been applied to more homogeneous groups. In the first place, only passenger cars have been considered, excluding light duty vehicles. Then results have been divided into WtW analyses and complete LCA and two separate linear regressions are performed.
The coefficients of determination R 2 increase significantly: for WtW analyses it is 0.91; for complete LCA it is 0.73. What is worth noticing is that the regressions present almost the same slopes. As expected the intercept of the WtW analyses is almost null.
Factors Influencing the Mix
The carbon intensity of the electricity mixes used in the literature to assess EVs varies with country, time horizon, modelling choice, scenarios definition and data quality.
In Figure 11 the carbon intensities used in the literature are reported, in order to highlight possible correlation with selected parameters (country, time horizon, modelling choice, scenarios definition, and data quality).
Values find in the literature are represented in the graph sorted by region; values with homogenous characteristic are marked with the same label. Average and marginal electricity mixes are identified with different labels; electricity mixes of projected energy system are identified with another label. For clarity sake the year of the mix is not presented in the graph and all the electricity mixes identified for future scenarios are grouped under the label "future electricity mix". For detailed information regarding the time horizon of the electricity mixes refer to Table 1 . Since EcoInvent is the most used database in the literature, also the value from its country mix datasets are reported for version 2.2 and for the new release 3.4 (datasets name "market for electricity low voltage"). For the equivalence between the datasets across the two EcoInvent versions see [102] . The coefficient of determination R 2 is 0.57. Considering the vast number of variables taking place in the LCAs and the heterogeneity of the scopes, it is noticeable that the carbon intensity of the electricity mix alone can explain almost the 60% of the variability of the results available in the literature.
Values find in the literature are represented in the graph sorted by region; values with homogenous characteristic are marked with the same label. Average and marginal electricity mixes are identified with different labels; electricity mixes of projected energy system are identified with another label. For clarity sake the year of the mix is not presented in the graph and all the electricity mixes identified for future scenarios are grouped under the label "future electricity mix". For detailed information regarding the time horizon of the electricity mixes refer to Table 1 . Since EcoInvent is the most used database in the literature, also the value from its country mix datasets are reported for version 2.2 and for the new release 3.4 (datasets name "market for electricity low voltage"). For the equivalence between the datasets across the two EcoInvent versions see [102] . The first evidence is the results' spread, from country to country and with time horizon (in order to improve the graph's clarity data are distinguished only between present and future scenarios).
Figures range from the very high values of the country relying on coal, such as Poland, Australia and the US, to the very low ones of France and Norway. These countries at the extreme of the The first evidence is the results' spread, from country to country and with time horizon (in order to improve the graph's clarity data are distinguished only between present and future scenarios).
Figures range from the very high values of the country relying on coal, such as Poland, Australia and the US, to the very low ones of France and Norway. These countries at the extreme of the Figure 11 . Spread of the carbon intensity of electricity mixes used in the articles reviewed and in the main database.
The first evidence is the results' spread, from country to country and with time horizon (in order to improve the graph's clarity data are distinguished only between present and future scenarios).
Figures range from the very high values of the country relying on coal, such as Poland, Australia and the US, to the very low ones of France and Norway. These countries at the extreme of the polluting bar present the less dispersed data, mainly because they rely mainly on a single source (coal for Poland and Australia, nuclear for France, hydro for Norway).
Short term marginal mixes are generally higher than the average, with the relevant exceptions of Australia (where the average mix is dominated by coal, while the cleaner but more expensive natural gas is mainly on the margin) and Italy.
It has to be noted that average and marginal results cannot be directly compared, because they originate from different studies relying on different sources and years; the representation is more aimed at capturing trends rather than allowing for a fully harmonised comparison.
As mentioned before, only one study uses the long term marginal mix. To present the effect that this selection would have on the studies, the EcoInvent 3.4 Substitution, consequential, long term "market for electricity low voltage" for the various country have been reported in Figure 11 It emerges that in the long run variability among countries tends to lower.
Recommendations for Policy Makers in the Literature
For a practitioner or a policy maker who approaches literature, the indication provided can be quite contradictory; among studies comparing EVs and ICEVs we found:
• 7 studies stating that EVs are not decreasing GHG (6 using marginal mixes); • 4 studies being cautious on the adoption of EVs (all using marginal mixes); • 13 studies presenting EVs as an efficient decarbonising technology (5 using marginal mixes).
These results could be not regarded as conflicting if their goal was more detailed and explained the audience how they could be used.
The studies discouraging EVs focus on the short term introduction of EVs (both in present and future scenarios) where the energy system is not able to adjust to the increased demand. Aside some doubts regarding the methodology with which the short term marginal electricity mix of each system is calculated, we think that this option is not suitable to inform policy makers on wide-ranging/far-reaching policies, such as the paradigm shift in transport sector, while it can have applications in optimising the recharging time and balancing the grid load, since EVs are a more flexible load than others.
Conclusions and Recommendations
The reason for this review stemmed from the nebulous indications that a practitioner approaching the subject, or a decision maker, can encounter reading available literature results. To understand these inconsistencies, all the steps of a life cycle analysis have been analysed, as follows (for a synoptic view see Table S1 ).
Goal and modelling choice: The first hurdle is related to the goal definition, which is often missing or incomplete; the subsequent scope definition and in particular the modelling choice are not justified or inconsistent.
Thus, the selection of supplier/technology (the most influential of which is the electricity mix) is not straightforward, and sometimes, in a paradoxical inversion, it becomes the parameter that defines the modelling choice.
LCI and data quality: LCI is often inexplicit, thus making the identification of relevant information quite difficult, contravening the dogma of reproducibility of any LCA study.
The datasets which most of the background processes are based on are outdated. Considering the influence of the electricity mix, the use of 15-year-old data is found to be an unwise practice.
Time inconsistency: Despite the willingness of informing policy makers and thus influencing effect/developments in the long run, most of the scopes are focused on the here and now. Time and fleet prospective are investigated by only a handful of studies, while others apply the results from vehicle technology comparison and extend it to a wider level using a simple scaling factor, thus neglecting time and scale dependent aspects that cannot be detected from a single product analysis.
Most of the studies do not even include any penetration scenario in the analysis, instead providing policy makers with a simple vehicle to vehicle comparison. Studies are aimed at informing policy makers but most of the analyses lack a political dimension: No clear time frame, no clear and reliable future scenarios, inconsistency between variables in the scenarios.
In the issue of policy information, the selection of short term marginal electricity mixes has to be taken into account. Even though these mixes are useful for the modelling of short term effects of a rapid, albeit unlikely, introduction of EVs, in the authors' opinion they are not the correct instruments to inform policy makers, since they only offer a partial view: Focusing on short term effect is no more than a form of burden shifting in time.
Literature results: Range of quantitative results is widening compared to the past. GHG emissions of electric vehicles range from 27.5 g CO 2 -eq/km [40] to 326 g CO 2 -eq/km [32] in the literature. This is due also to the wide range of scopes investigated by scientific papers. The selected papers cover a wide range of scopes: Various vehicle typologies are investigated using different system boundaries and different modelling approaches at various scales. Even with so many variables involved, the selection of the electricity mix has been found to be a key issue. A linear regression between g CO 2 -eq/km and the carbon intensity of the electricity mix considered in the analyses (g CO 2 -eq/kWh). The GHG of the electricity mix was found to explain almost 70% of the variability in the LCA results. Even if the electricity mix has always been seen as an influencing factor, this represent the first attempt to quantify its role.
Recommendations from the literature: We found some articles warmly promoting the introduction of EVs as a way to reduce GHG in transport sector, some highly discouraging it and others recommending caution in their adoption. These results could be considered not conflicting if their goal and scope were more detailed and if they explained to the audience how the results should be used.
The studies discouraging EVs are works focusing on the short term introduction of EVs (both in present and future scenarios), where the energy system is not able to adjust to the increased demand of electricity. Besides some doubts regarding the methodology which the short term marginal electricity mix of each system has been calculated with, we think this is not the best option to inform policy makers on wide-ranging policies such as the paradigm shift in transport sector. However, it can have applications when it comes to optimising recharging time, since EVs are loads more flexible than others.
On the other hand, studies using average mix often suffer from the use of old data and do not present a wide-ranging situation either, focusing on the here and now.
In conclusion, this review confirms the weak trends pinpointed by previous reviews, which have not changed in the last years-missing goal definitions, and weak LCIs. Lack of consensus on LCI data selection and missing clear goal statements are still the key factors to explain the difficult path to inform policy makers with robust and clear results.
Another element this review has found missing is the link between the two. A consensus on the framework that would inform on the correct modelling choices, and from the defined goal would orient the practitioner to the right selection of the inventory data, in particular the most relevant one in this field-the electricity mix.
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